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ABSTRACT 

Air pollution has been associated with a number of detrimental health effects for children. Another 

potentially substantive, but previously unappreciated, effect of air pollution on children is 

diminished academic performance, presumably resulting in reduced human capital accumulation and 

reduced future earnings. In this paper we investigate the relationship between outdoor air pollution 

levels and standardized state test scores of California public school children. To do this we combine 

individual family data and community pollution data from the Children’s Health Study (CHS), a 

longitudinal respiratory health study of Southern California school children, with publicly available 

information on California standardized test scores by grade, school, and year. We find that a 10% 

decrease in outdoor PM10, PM2.5, or NO2 would raise math test scores by 0.15%, 0.34%, or 0.18%, 

while  a 10% decrease in outdoor PM2.5 increases reading scores by 0.21%. To put these effects in 

perspective, if it were possible to reduce PM2.5 by 10% for low-income students but not for high-

income students, the gap in math test scores between high- and low-income 8th grade students 

would fall by nearly one thirtieth. 
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1. Introduction 

 Air pollution has been associated with a number of detrimental health effects for children. 

One of the main findings of the recent medical, epidemiological and economics literature is that 

pollution has a positive and significant effect on asthma exacerbation.  Pollution has also been 

associated with new onset asthma (McConnell et al. 2002), as well as other respiratory diseases, 

lower lung function, hay fever (Gauderman et al. 2001, McConnell et al. 2003) and infant mortality 

(Chay and Greenstone 2003a, 2003b, Currie and Neidell 2005). Another potentially substantive, but 

previously unappreciated, effect of air pollution on children is diminished academic performance, 

presumably resulting in reduced human capital accumulation and reduced future earnings. 

There are four mechanisms by which pollution could affect academic performance:                        

(i) school absenteeism due to illness caused by pollution; (ii) attention problems in school due to 

illness caused by pollution; (iii) fatigue when doing homework due to illness caused by pollution; and 

(iv) a direct negative effect of pollution on brain development. Earlier research (Gilliland et al. 2001, 

Ransom and Pope 1992, and Currie et al. 2007) established a statistically significant relationship 

between pollution and school absenteeism and thus relate to mechanism (i) above.  Furthermore, 

there is evidence that children with asthma tend to have more behavioral problems in school than 

children who do not have asthma (Butz et al. 1995, Bussing et al. 1995, Halterman 2006), which 

provides support for mechanism ii) above. We do not know of any available evidence on mechanism 

iii) above. Recent neuropathological, epidemiological, and brain imaging literature suggests that air 

pollution may be harmful to the development of the brain and may affect cognitive ability  

(Calderón-Garcidueñas et al. 2008ab; Suglia et al. 2008; Wang et al. 2009), which supports 

mechanism (iv) above. 

Since neurological effects, absenteeism, behavioral problems, and fatigue are directly caused 

by pollution (or associated with diseases that are exacerbated or caused by pollution) and since they 
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have also been linked to poor academic performance, a natural question that arises is “what is the 

direct effect of pollution on academic performance?”  This measured effect will incorporate 

mechanisms i) - iv) above.  To our knowledge, there has been no published work on this subject, 

although there is a small related literature on the effect of asthma on school readiness, learning 

disabilities and academic performance. For example, Halterman et al. (2001) found that 

kindergarten-age children with asthma with limitation had lower scores than non-asthmatic 

kindergarten-age children in reported school readiness skills in Rochester, New York during 1998.1 

Further, Fowler, Davenport and Garg (1992) found that, after controlling for demographic factors, 

asthmatic children in grades 1-12 were more likely to have a learning disability than non-asthmatics.  

Finally, as we describe in more detail below, Currie et al. (2009) matched several data sources for 

young adults in Manitoba, Canada and found some limited evidence that current asthma affected 

current achievement, but that past asthma (conditional on current asthma status) had no effect on 

current performance.     

In this paper, we fill this gap by investigating the relationship between outdoor air pollution 

levels and standardized state test scores of California public school children. To do this we combine 

individual family data and community pollution data from the Children’s Health Study (CHS), a 

longitudinal respiratory health study of Southern California school children (Peters et al. 1999), with 

publicly available information on California standardized test scores and school characteristics by 

grade, school, and year. An additional benefit to our study is that our data set contains information 

on PM2.5 (a marker for fine particulate matter) while many of the studies discussed in the literature 

review do not have data on PM2.5.
2 Indeed below we find that PM2.5 exposure has much stronger 

                                                 
1 A child was considered to have asthma with limitation compared to without limitation if the parent described any 
ongoing health conditions that limited the child’s activity.  
2 PM2.5 represents the portion of the particle size distribution whose mean diameter is 2.5 micrometers or less.  
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effects on test scores than the other pollution measures that we investigate.3 In our analysis we use 

school, and (in some cases) year, fixed-effects to account for unobserved factors that may be 

correlated with test scores and air pollution. Our study differs from Currie et al. (2009) by using U.S. 

data, considering the effect of air pollution (as opposed to asthma) on school performance, using 

different pollution measures, and using a different measure of school performance. Thus we provide 

an important compliment to the Currie et al. (2009) Canadian evidence, since the effect of air 

pollution in our case (or asthma in their case) on school performance may differ substantially across 

the two countries, given the presence of universal health care in Canada, which would be expected 

to provide more equal access to controller medications for respiratory illness.  

The paper proceeds as follows. Section 2 discusses the related economic and epidemiological 

literature. We describe the data in Section 3 and discuss our empirical strategy in Section 4.  We 

evaluate the effect of outdoor air pollution on academic performance by using a school fixed effects 

model.  We find that a richer specification that includes year dummies is appropriate since omitting 

these dummies appears to lead to omitted variable bias. We present our results in Section 5. We find 

that higher levels of PM2.5 (a marker for fine particulate matter), PM10 (a marker for coarse particulate 

matter), and NO2 consistently lower math scores, while higher levels of PM2.5 consistently reduce 

reading test scores.  However, the magnitude of this effect is reduced by including year dummies, 

and a comparison of the results with and without year dummy variables suggests that year dummies 

are indeed necessary for obtaining consistent estimates.  Specifically, when we include year dummies, 

we find that a 10% decrease in PM10, PM2.5, or NO2 would raise math test scores by 0.11%, 0.14%, 

or 0.12%, while  a 10% decrease in PM2.5 increases reading scores by 0.21%. To put these effects in 

perspective and to gain some intuition on the potential importance of these effects, note that if it 

were possible to decrease PM2.5 by 10% for low-income, but not high-income, students, the 10% gap 

                                                 
3 On the other hand, note that we do not have data on community carbon monoxide levels, which related studies have 
found to be important. 
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in math test scores between high- and low-income 8th grade students would be reduced by a little 

less than one-thirtieth.4 To reduce the gap in reading scores by the same amount, one would need to 

reduce PM2.5 by 14%.  

Exposure to particulate matter has been shown to have several negative health outcomes 

(Peng et al. 2005; Perera et al. 2009; Pope and Dockery 2006;; Russell and Brunekreef 2009; Stieb, 

Judek, and Burnett 2002; and, Suglia et al. 2008) which present important costs to society of 

pollution. Given the strong relationship between academic performance and future labor income, 

and a strong relationship between measures of ability and earnings conditional on schooling (see e.g., 

Neal and Johnson 1996), our results suggest a heretofore unappreciated additional cost of air 

pollution in terms of reduced future earnings. Moreover, given that more highly polluted areas tend 

to have lower-cost rentals and thus attract more low-income households, we might expect that 

decreasing PM2.5 would disproportionately benefit low-income households. Thus to the extent one 

puts a positive weight on a more equitable distribution of income, a reduction in pollution also 

implies additional social benefits by decreasing inequality. We conclude the paper in Section 6 and 

discuss possible limitations of our study. 

 

2. Literature Review  

 As noted above, we know of no papers on the effect of pollution on academic performance, 

although there is epidemiological and neuropathological research suggesting that pollution affects 

brain development and intelligence quotient (IQ), and there is a strong relationship between 

measures of ability and academic performance. The literature most relevant to our paper focuses on 

the related issues of: (i) does pollution affect brain development and cognition?; (ii) does air 

                                                 
4 In 2007, the average eighth grade NAEP math score (at the national level) is 291 for high-income students and 263 for 
low-income students (Barton and Coley 2009).  Therefore, the ratio of high to low-income students is 1.106, resulting in 
a 10.6% difference between high and low-income students.  The reading scores are 271 and 248 for high and low-
income students respectively, resulting in a 9.3% difference. 
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pollution increase school absenteeism?; (iii) does an asthmatic child have more behavioral problems 

than a non-asthmatic child?; (iv) do absenteeism and behavioral problems affect academic 

performance?; and (v) does an asthmatic child have lower academic performance than a non-

asthmatic child? Research area (i) is very relevant given the well established relationship between 

measures of ability and school performance (Cameron and Heckman 2001; Lochner and Belley 

2007; Murnane, Willett, and Levy 1995). Research areas (ii) and (iv) provide evidence of how 

pollution may affect academic performance through absenteeism while (iii) and (iv) relate to how 

pollution may affect it through behavioral problems. Research area (v) complements our findings 

since asthma may be caused by, and is certainly exacerbated by, pollution. Note that we will not be 

able to trace out the different paths by which pollution can affect test scores; on the other hand the 

presence of many paths does raise the issue of whether, estimated asthma effects on performance 

may be including other paths by which pollution affects performance. 

 

2.1 Air Pollution and Brain Development  

Epidemiologic, neuropathological, and brain imaging studies provide evidence of  a negative 

relationship between ambient air pollution and with lower brain development conditional on 

observable demographic factors, and since we have not seen this issue discussed in the economics 

literature, we now  spend some time describing existing research in this area.  For example, among 

202 children who were approximately 10 years old in Boston, Massachusetts, higher levels of black 

carbon (a marker for traffic particles) was associated with decreased cognitive function across 

assessments of verbal and nonverbal intelligence and memory constructs (Suglia et al. 2008).  The 

authors estimated exposure to black carbon for each participant’s current residence and controlled 

for age, gender, mother’s education, and language spoken at home.   
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In a prospective study of a birth cohort of 249 children whose mothers lived in Harlem and 

the South Bronx during pregnancy, Perera et al. (2009) investigated the effect of polycyclic aromatic 

hydrocarbons (PAHs) on a child's IQ.5  Motor vehicles are a major source of PAH in Harlem and 

south Bronx.   PAH levels were measured through personal monitoring of the mothers in their third 

trimester of pregnancy and IQ was evaluated using the Wechsler Preschool and Primary Scale of 

Intelligence-revised. Researchers found that children with prenatal exposure to high levels of PAHs 

had full scale and verbal IQ scores at age 5 years that were 4.31 and 4.67 points lower, respectively 

than those of less exposed children.  In a cross-sectional study in Quanzhou, China, the 

performance in multiple neurobehavioral function tests was lower in children of 8-10 years old who 

came from a school located in a high traffic exhausts pollution area, as compared to those studying 

in the other school located in a clear air area (Wang et al. 2009).  The schools were chosen based on 

traffic density and air pollution monitoring data and the authors controlled for, among other things, 

father’s education, age, sex, birth weight, and second-hand smoke.  

Calderón-Garcidueñas et al. (2008a, 2008b) led a series of clinical, neuropathological, and 

neuroimaging studies on clinically healthy and neurocognitively intact children and adolescents who 

were growing up either in Mexico City (a place with high ambient air pollution) or in other areas 

with substantially cleaner air. In Calderón-Garcidueñas et al. (2008a), the authors found that  among 

the forty-seven subjects who died suddenly, accumulations of amyloid  β42 (a marker of 

neurodegenerative disease) in the prefrontal brain region and disruption of the blood-brain-barrier 

both were found in those who were lifetime residents in Mexico City  (n=35), but not in the 

comparison group (n=12).6  In another study, Calderón-Garcidueñas et al. 2008b found that 

children from Mexico City exhibited significant deficits in a combination of fluid and crystallized 

                                                 
5 Polycyclic aromatic hydrocarbons are formed by incomplete combustion of fossil fuels, among other organic material. 
Prenatal exposure to PAH has been linked with adverse immune, metabolic, and neurological functions and reduced 
birth weight.  
6 The comparison group consisted of residents of Tlaxcala and Veracruz. 
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cognition tasks, as compared to other children from Polotitlán, a city with much lower pollution 

levels.  Fluid cognition is supported by working memory, while crystallized cognition is supported by 

long-term memory. The fifty-five subjects from Mexico City and the eighteen subjects from 

Polotitlán were from middle-class families where their mothers had similar average years of formal 

schooling groups.  Brain MRI-measured hyperintense white matter lesions were substantially 

increased (56.5%) in children from Mexico City (vs. 7.6% in the control city).   The white matter 

lesions may affect cognitive dysfunction and the particulate matter may contribute to the 

neuroinflammation. 

 

2.2 Pollution and Absenteeism  

There are several studies in the economics and epidemiological literature on how pollution 

affects absenteeism, so we only present the findings of a few here. The first paper in the economics 

literature is Ransom and Pope (1992), who investigated how PM10 affected absenteeism in the Utah 

Valley between 1985 and 1990. This location and time period provided a “natural experiment” 

because a steel mill, which was the major polluter in the valley, shut down.  They controlled for 

temperature, snowfall, day of week, month of school year, and days preceding and following 

holidays and extended weekends. Regression results suggested that “an increase in 28-day moving 

average PM10 equal to 100 micrograms/m3 was associated with an increase in the absence rate equal 

to approximately two percentage points (p. 210).” 7  This is approximately equal to a 40% increase 

over the average.   

The second paper in the economics literature is Currie et al. (2007), which used the Texas 

Schools Project, a longitudinal administrative data set on student absenteeism in Texas.  They 

aggregated pollution data from the Texas Commission on Environmental Quality into 6 week time 

                                                 
7They do not control for individual covariates in their analysis. 
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blocks to merge with the administrative absenteeism data. They used school-by-year, school-by-time 

block, and time block-by-year fixed effects to control for many unobserved characteristics of 

schools, years and time blocks that would be correlated with test scores and pollution. They 

identified the effect of pollution by the variation across years within the same six week block for 

each school. The pollution variables were a set of dummy variables that indicated for each pollutant, 

whether the maximum was between: (i) 25-50% of the threshold; (ii) 50-75% of the threshold; (iii) 

75-100% of the threshold; or (iv) greater than 100% of the threshold.  (The omitted category was 0-

25% of the threshold.)  Their main finding was that maximum CO in the six week period has a 

positive and significant effect on school absences when it was between 75-100% of the air quality 

standards threshold and when it exceeded the standard.  Ozone was not statistically significant in 

most specifications, but they did find a statistically significant increase in absences associated with 

PM10 levels between 50-75% of the EPA threshold.  They were not able to investigate PM2.5 since it 

was not available for their study period.  

In the epidemiological literature, Gilliland et al. (2001) also used the CHS data (but a 

different approach) as our present study, to evaluate the effect of pollution on absenteeism.   They 

studied a cohort of 2,081 4th grade students who resided in 12 southern California communities. 

They tracked the students’ absences for the first 6 months of 1996 and followed up with the 

students’ parents to determine if the absence was illness-related or not, and if so, whether it was an 

upper-respiratory, lower-respiratory, or gastro-intestinal illness. The type of illness was determined 

by the symptoms described during the phone interview. Using daily pollution from monitors located 

near the schools, the authors used within-school variation in pollution over the six month period to 

determine its effect on average daily absences due to respiratory illness. They found that ozone had a 

statistically significant effect on both upper respiratory and lower respiratory illness rates.  
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2.3 Asthma and Attention Problems  

While there is no work to our knowledge on how air pollution affects behavioral problems, 

there is related work on the association between asthma and attention or behavioral problems. Since 

asthma is thought either to be exacerbated or caused by pollution, this literature is relevant for our 

purposes. First, Butz et al. (1995) obtained demographic, asthma symptom and psychosocial 

information on children in kindergarten through eighth grade in 42 schools in Baltimore, Maryland.  

Asthma symptoms were divided into low, medium and high levels, while a child was considered to 

have behavior problems if she scored higher than a given threshold score in a survey comprised of 

standardized psychosocial questions. Using logistic regressions and controlling for demographic 

characteristics, the authors concluded that the parents who reported that their children had higher 

levels of asthma symptoms were twice as likely to report a behavioral problem as compared to 

parents who reported lower levels of asthma symptoms.  

Bussing et al. (1995) first used responses to the 1988 National Health Interview Survey on 

Child Health to categorize children into those that suffered from asthma alone, those who suffered 

from asthma combined with other chronic conditions, those who suffered from other chronic 

conditions alone or those who had no chronic (including asthmatic) conditions.  They then 

combined this information with the Behavior Problem Index constructed from psychosocial 

questions in the survey. Using logistic regressions, the authors found that children with severe 

asthma alone were nearly three times as likely to have severe behavioral problems as children 

without a chronic condition.  

Halterman et al. (2006) investigated the relationship between behavioral problems and 

asthma symptoms for a cohort of 1,619 inner-city students in Rochester, New York.  The parents of 

these kindergarten-age children were surveyed about their children’s health and behavior. The 

authors found that children with persistent asthma scored worse on peer interactions and task 
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orientation, and were more likely to exhibit shy and anxious behaviors compared to non-asthmatic 

children.8   

 

2.4 Absenteeism and Behavioral Problems on Academic performance 

 Behavioral problems, including truancy and absenteeism, have been associated with 

dropping out (Bachman, Green, & Wirtanen, 1971; Segal 2008).   Specifically, Segal (2008) used the 

National Educational Longitudinal Study of 1998 to evaluate how behavioral problems affect 

academic performance by employing a multinomial logit model to control for race, socioeconomic 

status, family background, and test scores.  She found that maladaptive behavior in the eighth grade 

was associated with a decrease in the probability that the student graduated from college and an 

increase in the probability that the student dropped out of high school.   

 Much of the absenteeism research has focused on performance in postsecondary education. 

Marburger (2001) showed that students who were absent from class were 9 to 14% more likely to 

write an incorrect answer to a question related to material covered on the day of their absence than 

were students who were present.9  In a more recent article, Marburger (2006) compared the 

performance of students who attended a college class with a mandatory attendance policy and one 

without the attendance policy.  He found that the attendance policy increased performance by up to 

2% on exams.   

 

 

                                                 
8 According to the National Heart, Blood and Lung Institute of the National Institutes of Health, asthma is considered 
persistent if the patient experiences symptoms more than two days per week, limitation in activities, some nighttime 
awakenings or use of short acting beta2 agonists combined with either more than two exacerbations requiring oral 
steroids or more than four wheezing episodes longer lasting than a day per year. For additional information, see pg. 72 
of the “Expert Panel Report 3 (EPR3): Guidelines for the Diagnosis and Management of Asthma” available at 
http://www.nhlbi.nih.gov/guidelines/asthma/04_sec3_comp.pdf. 
9 See also Durden and Ellis (1995) and Romer (1993), cited by Marburger (2001). 
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 2.5 Asthma and Academic performance  

As noted above, there is a small literature on the relationship between asthma and academic 

performance.  Fowler, Davenport and Garg (1992) analyzed data for 10,362 children in first through 

twelfth grade from the 1988 United States National Health Interview Survey. They determined that 

children with asthma were more likely to have a learning disability than children who did not have 

asthma. In addition, among households with incomes below $20,000, asthmatic children were twice 

as likely to fail a grade as those without asthma, but among higher income families, asthmatic 

children had only a slightly higher failure rate than non-asthmatic children.10 Second, Halterman et 

al. (2001) compared the parent-reported development skills of asthmatic children to non-asthmatic 

children in Rochester, New York in 1998.  After controlling for insurance, education of the care-

giver, gender, and pre-kindergarten education, the authors found that asthmatic kindergarten-aged 

children scored lower in school readiness skills (one category of reported development skills), than 

their non-asthmatic peers.   

Finally, Currie et al. (2009), matched school administrative data, social assistance records, 

and health records for young adults in Manitoba, Canada born between 1979 and 1987.  They 

investigated whether having been treated for asthma, among other childhood diseases, at various 

ages (0-3, 4-8, 9-13, 14-18) affected (i) performance on a literacy exam, (ii) whether the students 

enrolled in a college preparatory math class, (iii) whether they were in the twelfth grade by age 17, 

and (iv) whether they used social assistance. The authors employed a mother fixed-effect to control 

for fixed family characteristics, and found (at the 10% level) that (a) asthma at ages 9 to 13 had a 

significant negative effect on taking a college preparatory math class and (b) asthma at ages 14 to 18 

sometimes had a negative effect on the literacy score in the 12th grade.  They found no effect of 

earlier asthma, conditional on current asthma, on their outcomes of interest. 

                                                 
10 This suggests the possibility of heterogeneous asthma effects by socioeconomic status, but we felt we did not have 
sufficient data to explore this possibility in our analysis.   
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3. Our Data 

We combine several data sources to evaluate the effect of pollution on academic 

performance.  Long-term outdoor air pollution data and family background information come from 

the Children’s Health Study (CHS) described above. Fourth, seventh, and tenth-grade students were 

originally recruited into the CHS in 1993 from twelve Southern California communities with 

differing air pollution profiles, and a number of health measurements were collected each school 

year until high school graduation.  Upon graduation of the respective sub-groups from the twelfth 

grade, additional students (2,081 fourth graders in the 1995/96 school year, and 5,603 kindergarten 

and first grade students in the 2002/2003 school year) were enrolled into the study.  Further, the 

CHS data set also contains information about community-level air pollution over the study period. 

Participating schools were selected for inclusion in the data set on the basis of: (i) location in a 

community of interest with differing pollution profiles; (ii) a sufficient population of study-aged 

children; (iii) a preponderance of children attending school from the immediate neighborhood; (iv) 

demographic similarity with other potential and participating community school sites; (v) the 

absence of localized air pollution sources such as close proximity to factories or freeways; (vi) 

proximal location to a fixed-site air monitoring station and (vii) the approval of the respective school 

district to proceed. 

 We are only able to use part of the CHS data since California test scores were not available 

until 1998, and then only for grades 2-11. As a result, from the CHS we investigated Cohort C and 

D students (fourth-graders in 1993 and 1996, respectively) for the years 1998-2002, as well as 

Cohort E students (kindergarteners and first-graders in 2002) for the years 2004 and 2005.11 

Participants completed annual questionnaires on demographic characteristics, family smoking 

behavior, and medical history.  Annual medical history questionnaires contained questions on 

                                                 
11 Since Cohort D ends in 2004 when the students graduate from high school, and the standardized test changed in 2003, 
we did not use the 2003 data.   
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respiratory symptoms and illnesses while most of the demographic data was only collected at each 

subject’s enrollment into the study.   

Continuously operating outdoor air pollution monitoring stations were placed in each of the 

CHS participating communities. Commercially available and USEPA-approved instrumentation was 

used to measure ozone (O3), particulate matter with a diameter of less than 10 microns (PM10), 

nitrogen dioxide (NO2), and carbon monoxide (CO) at these locations.  A two-week integrated 

sampler was developed for the CHS study and used to continuously measure particulate matter with 

a diameter of less than 2.5 microns (PM2.5), acid vapors, and PM chemical constituents. For the 

current study, we focus on annual community averages of NO2, O3, PM10, and PM2.5, because they 

have been shown in previous studies to have negative effects on health and school absences and 

were measured consistently throughout the study period. Unlike the papers on absenteeism, our use 

of the CHS allows us to investigate PM2.5.  Currie et al. (2007) found that CO was associated with 

school absenteeism, but unfortunately, CO is unavailable for several periods in several CHS towns.  

PM10 (often considered a marker of coarse particles) and  PM2.5,  (often considered a marker 

for fine particles) can be emitted directly from primary sources (such as combustion or vehicle 

exhaust or from entrained road or construction dust) or can be formed through a series of 

secondary photochemical reactions of airborne gaseous compounds and particulate matter. Particle 

diameter has been shown to be related to physical deposition in the lungs, with smaller particles 

generally thought to be of greater health concern.12  PM10 and PM2.5 have been associated with: 

mortality (Peng et al. 2005; Stieb, Judek, and Burnett 2002): pulmonary disease (Pope and Dockery 

2006); allergic immune responses (Russell and Brunekreef 2009); asthma (Yu et al. 2000); lung 

development (Gauderman et al. 2004) and an increased incidence of cardiovascular disease 

(Grahame and Schlesinger 2007).   NO2 is a by-product of combustion exhaust (from vehicles, 

                                                 
12 See “Particulate Matter” at http://www.epa.gov/particles/basic.html/. 
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boilers, or any combustion source).  Gauderman et al. (2005) found that the incidence of asthma and 

wheezing in all children is associated with higher outdoor NO2, while Shima and Adachi (2000) only 

obtained this result for female schoolchildren. Finally, Gauderman et al. (2004) found a negative 

association between NO2 and lung development.  

Ozone is formed in outdoor air when sunlight provides sufficient photochemical energy to 

drive reactions of oxygen with a number of gaseous pollutants.13  McConnell et al. (2002) 

demonstrated that children who lived in high ozone areas and play sports outdoors were more likely 

to be diagnosed with asthma during the study period than those who did not play sports, while in 

the low ozone areas there was no difference in asthma rates between children who played sports and 

those who did not.  Their result supports the hypothesis that the extra exposure to ozone in the high 

ozone areas causes either the onset of asthma or the earlier onset of asthma.   

From the CHS data we construct average demographic information at the grade-school-year 

level for the CHS students, and then use these averages as proxies for averages of the demographic 

variables for all students in the grade at that school. Next we merge this data from CHS with 

publically available test score data, as well as other publically available information on the 

characteristics of the school at the school-year level (e.g., the percent of students receiving a free 

lunch, and the pupil-teacher ratio) and at the grade-school-year level (e.g., racial breakdown of the 

class).14 We use the demographic data from CHS, as well as the publically available school data, to 

minimize bias in our pollution effects arising from time-changing omitted variables at the grade-

school level, which may be correlated with pollution and not captured by the school and year 

dummies.  

                                                 
13 Environmental Protection Agency, 1999.“Smog—Who Does It Hurt? What You Need to Know About Ozone and 
Your Health.”EPA-452/K-99-001 Available at http://www.epa.gov/airnow//health/smog.pdf . 
14 These additional data are from the California Department of Education.  



 

16 
 

Finally, we include data on the unemployment rate in each city in each year from the 

California Employment Development Departments’ local area unemployment data.15  We include 

the unemployment rate to control for several factors. Increased unemployment may create added 

stress for students through an increased probability that a parent will become unemployed, which 

could lower test scores.  In addition, unemployment reduces family income, which again could lower 

test scores.  

 Our outcome measures are the math and reading comprehension scores at the grade-school-

year level. After 1998, California school districts were required to test all students in the second 

through eleventh grades. The scores from 1998-2002 are from the Stanford Achievement Test, ninth 

edition (Stanford 9) administered each spring in California. The Stanford 9 is a multiple-choice test 

where scores are based on comparisons to a national sample of students.  The test scores are 

adjusted so that mean scaled scores across years for a cohort (e.g., fifth grade in 1999 to sixth grade 

in 2000) are comparable.  Starting in 2003, the State Board of Education replaced the Stanford 9 

exam with the California Achievement Tests, Sixth Edition Survey (CAT/6). Like the Stanford 9, 

the CAT/6 is a national norm-referenced achievement test, but it is shorter in length than the 

Stanford 9.16 Thus for 2004 and 2005 we use test scores from the CAT/6 and include a dummy 

variable for when this test was used. We focus on the reading comprehension and mathematics 

portions of the exam. Reading comprehension is part of the Language Arts section of the CAT/6, 

but was its own section of the Stanford 9.  Reading comprehension scores, however, were reported 

separately from the rest of Language Arts in CAT/6, and thus we have these scores for our entire 

sample period. 

                                                 
15 Since the unemployment rate for Lake Gregory was not available, the unemployment rate for Crestline was used there 
instead.  In the CHS, study students were enrolled and studied from both these adjacent communities and combined as 
one community.   
16 We use the CAT/6 instead of the (also publicly available) California Standardized Test (CST) because the norm-
referencing of the CAT/6 is most similar to the Stanford 9.  
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4. Empirical Specification 

Our basic model is  

1    ,  

where   represents the respective California Standards test scores in grade g at school  in year  

for test . Further, in (1)   represents various measures of pollution for school  in year ,17  

denotes time-changing family background characteristics of the students by grade from CHS  (i.e. 

not available from public data),  denotes time-changing school characteristics  from publicly 

available data,  denotes the city unemployment rate in year ,  denotes a school fixed effect, 

 is a dummy variable for the new test used in  2004 and 2005 and   is an error term assumed 

to be correlated across schools in the same community for all time periods.18 In our second 

specification we use a full set of year dummies denoted by    in year t: 

 

2    . 

The school fixed effect is used to address, at least partially, the concern that a spurious 

correlation between pollution and achievement might exist due to a tendency for low-income 

Americans to locate in highly polluted areas because of lower rents; on average, student test score 

achievement increases with parental income (Duncan et al. 1994, Hanushek 1992; and Korenman 

1995). However, the school fixed effect only takes care of sorting based on time-constant factors, 

and will not control for time-varying factors that affect residential location decisions. Thus, in (2) we 

                                                 
17 The data collection process required that we assume that pollution was the same for all schools in a given community 
in a given year. 
18 As noted above some of the school characteristics included in Zgst  are only reported at the school level. To keep the 
subscripts manageable, we do not distinguish these in the equations. 
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use dummies for each year to capture unobserved sample-wide effects in each year.19 Of course, 

neither school nor time dummies capture unobserved time-changing factors at the grade-school-year 

level, which motivates our use of grade-school-year data. 

As noted above, we focus on the impact of annual average community pollution measures 

NO2, O3, PM10, and PM2.5 based on previous research findings and data availability. Thus we are we 

are identifying the effect of pollution on school test scores by the variation in community pollution 

over time. Previous work has shown that NO2, PM10 and PM2.5 are highly inter-correlated, while 

ozone is much less correlated with these pollution measures – the correlation rates for the pollution 

measures are presented in Table 1 and these results confirm the previous findings. Given these high 

correlations, one might suspect that it would be difficult to separately identify the effect of a given 

pollution variable, holding the others constant, and, indeed, that is what we found.  Thus, we present 

results for pollution by entering the variables one at a time, but for completeness we also include the 

results using all pollutants simultaneously as explanatory variables. We do not focus on the latter 

results since we would expect that the correlation structure in the pollution variables would create a 

multicollinearity problem that will make it difficult to identify specific coefficients. 

In terms of the individual level data, we calculate the means for students in the CHS data in 

year  at school  for grade , for the following variables: the responding parent’s education; the 

fraction of children whose parents smoked;20 the fraction of children who had public health 

insurance; and the fraction of children who had no health insurance.21  We divide parental education 

into dummy variables for those who graduated from high school, attended some college, graduated 

from college, and attended graduate school (with the control group being those who had less than a 

                                                 
19 The year dummies eliminate the need to use the test change dummy since it is perfectly collinear with the year 
dummies. 
20 For Cohorts C and D, parental smoking is equal to one if the person who completed the questionnaire smoked. For 
Cohort E, parental smoking is equal to one if the mother or the father smoked. 
21 In making this calculation, we need to ignore the possibility of a student failing a grade. 



 

19 
 

high school degree).22  As noted above, we use these variables to minimize omitted-variable-bias in 

the pollution coefficient estimates.23  

We use the following variables available through the California Department of Education 

(CDE) at the school-year level: pupil-teacher ratio, the percent of staff that have masters or doctoral 

degrees and the percent of students who received free lunches for each school  in year  as well as 

the ethnic breakdown of students in each grade  at school  in year . Finally, we include a dummy 

variable for years after the change in the test (when we do not use year dummies) and the 

community unemployment rate as conditioning variables. Further, in some specifications we use year 

dummy variables. By controlling for school demographics and quality from the CDE and CHS data, 

published community unemployment rates, as well as school dummies and year dummies (in our 

most general specifications), we believe that we control for many of the potentially confounding 

factors in our analysis.  

  Our data set consists of 229 grade-school-year observations covering 88 schools.  Summary 

statistics for the grade-school-year observations are presented in Table 2.  Considering variables 

from the CHS data set, about 65% of the students in each grade had private insurance, 21% had 

Medicaid, and the remaining 14% did not have insurance.  Moreover, about 13% of the parents 

reported that they smoked, and 16% of the subjects came from a single-parent household. Further, 

16% of parents had less than a high school degree, 20% had a high school degree, 42% had some 

college, 11% had a college degree, and 11% had more than a college degree. In terms of the publicly 

available information on schools, about 29% of students received a free lunch, about 45% of 

teachers had an MA or PhD, and the average pupil-teacher ratio was around 20:1. Moreover, 8% of 

the students self-reported being Black, 56% reported being White non-Hispanic, and 36% reported 

                                                 
22 These variables are only measured at the base year, but will change over time in a given grade and school as students 
progress through the school. 
23 Given that they will being noisy estimates of the true values for the grade-school-year observation, the coefficients on 
these variables will be inconsistent because of measurement error. 
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being Hispanic.24 We note that the minimum and maximum statistics indicate a wide range in all of 

these variables across grade-school-year observations. Since we would expect most or all of these 

variables to affect school test scores, and it is plausible that some or all of them might affect location 

decisions and thus exposure to pollution, we believe it is crucial to control for such factors. 

 

4. Empirical Results 

We first consider the case where we omit a full set of year dummies. For this case we have 

placed the results for the math test scores in Table 3A and the results for reading scores in Table 3B. 

In each set of results we cluster the standard errors by city to allow for arbitrary forms of 

heteroskedacticity and dependence across observations on schools in a given community at a point 

in time as well as over time.  

Considering the results for the math scores in Table 3A, in column (1) we include all four 

pollution measures simultaneously.  A Wald test indicates that the estimated pollution coefficients 

are jointly significant25, and all except the coefficient for O3 have the expected negative signs.  

However, PM2.5 is the only pollution measure in column (1) that is individually statistically significant 

at standard confidence levels, indicating that the multicollinearity issue, as suggested by the high 

correlations in Table 1, is indeed a problem.  Next, we enter the pollution measures individually in 

columns (2) - (5) of Table 3A.  We find that when used as the only pollution measure, PM10, PM2.5, 

and NO2 are statistically significant; the coefficient on O3 continues to have an unexpected positive 

sign, but is far from attaining statistical significance.   

To assess the magnitude of the effects implied by the coefficients, note first that a one-

standard-deviation increase in PM10, PM2.5, or NO2 would decrease test scores by 8.99, 26.72, or 

                                                 
24 We group students who self-reported as Asian, Pacific Islander, Native American or other in the White non-Hispanic 
category. 
25 We use a Wald test since the error terms are assumed to not be independent or homoskedastic; an F-Test for the joint 
significance would be inappropriate since the errors are not assumed independent or homoskedastic. 
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18.45 points, respectively, out of 999 possible points.26 The standard deviation in PM2.5 is 5.88 

μg/m3. and the annual average concentration of PM2.5 in the South Coast Air Basin dropped by 

approximately 11 μg/m3 between 1999 and 2006. The standard deviations for PM10 and NO2 are 

12.27 and 9.14, respectively. For this same time period and location, the (statewide) annual average 

for concentrations of PM10 and NO2 dropped by about 22 μg/mg and 19 ppb respectively.27 For 

those less familiar with the units used for pollution measures, we also calculate the relevant 

elasticities and find that a 1% increase in PM10, PM2.5, or NO2 would decrease math test scores by 

0.036%, 0.088%, or 0.059%, respectively. 

Our results for the reading scores (when we do not use a full set of year dummies) appear in 

columns (1) - (5) of Table 3B.  In column (1), we again include all four pollution measures.  As in 

the case of the math scores, PM2.5 is the only pollution measure that is individually statistically 

significant. A Wald test indicates that the four pollution measures are jointly significant at the 10 

percent level, and the coefficient on O3 has an unexpected positive sign, but is very insignificant. In 

columns (2) - (5), we show the results of entering the pollution measures individually, and again as in 

the case of the math scores, all the pollution variables, except O3, have the expected sign. However, 

in contrast to our results for the math scores, only PM2.5 is statistically significant. In terms of the 

size of the PM2.5 coefficient, a one-standard-deviation increase in PM2.5 would decrease reading test 

scores by 4.26 points and a 1% increase in PM2.5 would decrease reading test scores by 0.014%.  

Note that the effect of an increase in PM2.5 on math scores is over six times as large as the effect of 

the same increase on reading scores. 

We next consider the case when we include time dummies.  We have placed the results for 

math and reading scores in Tables 4A and 4B, respectively.  In column (1) of Table 4A, we again 

                                                 
26 The CAT/6 is on a scale of 0 to 999 while the Stanford 9 was on a scale of 200 to 900.  Therefore we subtracted 200 
from the Stanford 9 scores and multiplied the remaining number by 1.427. 
27 For additional statistics on the trends, see chapters 3 and 4 of The California Almanac of Emissions and Air Quality− 
2009 edition. 
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enter the pollution variables simultaneously. As in the case in column (1) of Table 3A, the Wald test 

indicates that the pollution coefficients are still jointly significant, only O3 has an unexpected positive 

sign, and only PM2.5 is individually statistically significant. When we enter the pollutants separately in 

columns (2) - (5), again as in Table 3A, PM2.5, PM10 and NO2  are individually significant with the 

expected signs, while O3 has an unexpected positive sign but remains insignificant. Thus the results 

in Tables 3A and 4A are qualitatively very similar; however, they are not quantitatively similar, as 

now a one-standard-deviation increase in PM2.5, PM10 or NO2 would decrease test scores by 3.89, 

10.23, or 5.53 points, respectively.  In terms of elasticities, a 1% increase in PM10, PM2.5, or NO2 

would decrease math test scores by 0.015%, 0.034%, or 0.018%, respectively.  Note that these 

estimated impacts are substantially smaller than those implied by Table 3A, but the largest effect is 

still associated with PM2.5, illustrating the importance of having data on PM2.5 for studying this 

problem.  These effects are still substantial, especially for PM2.5. For example a reasonable estimate 

of the difference in math test scores between high-income and low-income eighth graders is only 

about 10% (Barton and Coley 2009). To gain some intuition on the importance of these effects, our 

results imply that if it were possible to decrease PM2.5 by 10% for low-income, but not high-income 

children, nearly one-thirtieth of this difference in eight grade math scores between the groups would 

be eliminated.  

In Table 4B we show the effects of including year dummies in our specification for  

reading scores.  Again column (1) shows the results of entering all four pollution measures 

simultaneously; similarly to column (1) of Table 3B, PM2.5 is statistically significant with the 

appropriate sign. Among the remaining pollution variables, PM10 has the expected sign but NO2 and 

O3 do not. In this case the pollution variables are not jointly significant at standard test levels. As in 

table 3B, when we enter the pollution variables separately, PM2.5 is the only individual pollutant that 

has a statistically significant coefficient with the expected sign. PM10, NO2, and O3 are statistically 
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insignificant, and the PM10 coefficient continues to have the expected negative sign while O3 does 

not.  However, now NO2 also has an unexpected positive sign. Thus the only qualitative difference 

between Tables 3B and 4B is the positive (but still insignificant) coefficient on NO2.   Now a one-

standard-deviation increase in PM2.5 is predicted to decrease test scores by 6.51 points; in terms of 

elasticity, a 1% increase in PM2.5 would change reading test scores by -0.021%.  Given that a 

reasonable estimated difference in reading scores between high and low income eighth grade 

students is 9.3%, to reduce this gap by one-thirtieth one would need to reduce PM2.5 by about 14% 

for low income, but not high income, students.  Given these results, we conclude that results for 

reading test scores change quantitatively, but not qualitatively, when we use a full set of year 

dummies.  

Of course one must choose whether to focus on the quantitative results generated from the 

specification that excludes a full set of year dummies or the specification that includes them. The 

benefit of including a full set of year dummies is that it allows one to control for the possibility of 

general unobserved time effects in test scores that are potentially correlated with pollution measures 

and not captured by our control variables.  The potential cost of using year dummies is that if they 

are not needed, one is losing efficiency in terms of obtaining bigger standard errors. In other words, 

if we do not need a full set of year dummies, we would expect the coefficients to not change much 

between Tables 3A and 4A, and between Tables 3B and 4B, but that the standard errors should be 

larger in Tables 4A and 4B. However, this is not what happens. While the estimates without time 

dummies are qualitatively similar to those with time dummies, we see a considerable change between 

the coefficients in Table 3A and 3B and the respective entries in Tables 4A and 4B; moreover the 

standard errors with time dummies are often smaller than the respective standard errors without 
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time dummies.28 From these results it seems clear that the time dummy variables are indeed picking 

up unobserved factors correlated with the pollution measures and test scores, in spite of the fact that 

we have a large number of time changing control variables. 

 

5. Conclusion  

In this study, we examine the effects of four common and nationally-regulated outdoor air 

pollutants (PM10, PM2.5, NO2 and O3) on math and reading test scores. After controlling for a large 

number of possibly confounding factors using demographic variables, school dummies, and year 

dummies, we find that higher levels of PM2.5 (a marker for fine particulate matter), PM10 (a marker 

for coarse particulate matter), and NO2 consistently lower math scores, with PM2.5  having the largest 

effect. Further, we find that higher levels of PM2.5 consistently reduce reading test scores.  

The results suggest a sizable effect of pollution on academic performance, which provides 

evidence of another avenue by which pollution is harmful.  Not only is it bad for children’s health, 

but it also impacts negatively on students’ performance in school and their ability in general, which 

we would expect to reduce future labor earnings. Since lower socioeconomic households tend to 

reside in more highly polluted areas, our results suggest that a decrease in pollution will result in a 

decrease in inequality, everything else held equal.  This effect will be accentuated by Fowler, 

Davenport and Garg (1992)’s finding that asthma has worse consequences for low income children 

than for high income children. Our results also identify some important methodological points. If 

quantitative effects, rather than qualitative effects, are of interest, it is important to include a full set 

of year dummies.  Second, having monitoring data for PM2.5 is crucial to our analysis; without it, we 

would have underestimated the effect of pollution on test scores.   

                                                 
28 One could formally test whether, e.g., the coefficients in Table 3A and the respective coefficients in Table 4A are 
statistically different. One cannot use the formula in Hausman (1978) since neither set of estimates is efficient, but one 
could use the bootstrap to calculate appropriate standard errors for the difference in the coefficients. We do not follow 
this path since, a priori, there seems to be no reason to use the coefficients obtained without a full set of time dummies. 
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Of course, there are several limitations to our study that we should mention.  First, while we 

control for a large number of possibly confounding factors, there is always the possibility that our 

results are biased by remaining unobserved factors correlated with pollution and test scores. Second, 

we assumed that pollution levels were the same at each school within a given community, since we 

used data from the regional air monitoring station located within that respective community.  

However, in most communities, there can be substantial variability in local pollution levels due to 

proximity to busy roadways, local sources, local topology, and meteorological factors. Thus it would 

clearly be desirable to obtain pollution levels by school.  Third, it would be preferable to link 

individual test scores to individual factors, but given current confidentiality restrictions, it does not 

seem feasible to obtain such disaggregated data. A final limitation of our study is the lack of data on 

CO.  Since other studies have found CO to have adverse health effects and be linked to 

absenteeism, it is an important pollutant to study the effect of CO when controlling for PM2.5 and 

vice-versa. 
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PM10 PM2.5 O3 NO2

PM10 1

PM2.5 0.88 1

O3 0.28 0.25 1
NO2 0.65 0.83 0.09 1

Table 1: Correlation across Pollution Variables

 
 
 
 

Variable Mean Std. Dev. Min Max

Parent's Education (%):
< high school graduate 16.47 14.44 0.00 66.13
high school graduate 19.77 8.68 0.00 60.00
some college 41.63 12.21 11.43 70.00
college graduate 11.21 7.29 0.00 32.53
graduate school 10.92 8.06 0.00 30.36

Parent smokes (%) 13.28 6.60 0.00 36.36
Insurance (%):

no insurance 13.76 10.05 0.00 58.33
medicaid 21.02 15.96 0.00 72.73
private insurance 65.22 16.66 18.18 96.00

Grade Characteristics (%):
hispanic 36.30 22.30 6.00 95.92
black 7.51 8.16 0.00 38.76
white 56.18 23.16 30.52 90.32

School Characteristics:
students who receive a free lunch (%) 28.67 18.98 0.00 93.12
staff with a MA or PHD (%) 45.39 14.43 0.00 79.00
pupil-teacher ratio 20.55 5.41 7.45 43.44

Unemployment rate 5.81 1.84 2.60 9.70

PM10 31.98 12.27 12.01 78.25

PM2.5 12.70 5.88 4.72 28.85

NO2 19.20 9.14 2.69 39.46

O3 53.38 11.28 32.41 78.26

Mathematics mean scaled score 659.20 53.08 536.00 739.97
Reading mean scaled score 665.01 43.61 570.30 739.12

Note: Descriptive statistics are for the 229 grade-school-year observations.

Table 2: Descriptive Statistics by Grade-School-Year

A.  Student and School Dummy Variables:

B.  Community Characteristic:

C.  Pollution:

D.  Test Scores:
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(1) (2) (3) (4) (5)
Pollution:

PM10 -0.329 -0.733d

(0.28)  (0.34)  
PM2.5 -4.050c -4.546c

(0.87)  (0.98)  
NO2 -0.841 -2.018c

(0.77)  (0.67)  
O3 0.363 0.269 

(0.45)  (0.38)  
Wald Statistic for Joint Significancea

40.07

Personal Characteristics:
Age 14.33c 17.19c 14.13c 17.62c 18.01c

(1.17)  (0.98)  (1.31)  (1.45)  (1.40)  
Parent's Education (%):

high school graduate 0.438 0.303 0.355 0.163 0.215 
(0.31)  (0.34)  (0.30)  (0.32)  (0.38)  

some college 0.772c 0.558d 0.761c
0.427 0.407 

(0.23)  (0.25)  (0.25)  (0.28)  (0.27)  
college graduate 0.590d

0.292 0.594e
0.227 0.237 

(0.26)  (0.25)  (0.31)  (0.27)  (0.26)  
graduate school -0.102 -0.446 -0.101 -0.401 -0.587 

(0.42)  (0.43)  (0.45)  (0.42)  (0.45)  
Parent smokes (%) -0.299 -0.202 -0.283 -0.170 -0.282 

(0.39)  (0.38)  (0.41)  (0.35)  (0.38)  
Insurance (%):

medicaid -0.092 -0.113 -0.078 -0.112 -0.122 
(0.11)  (0.13)  (0.12)  (0.11)  (0.14)  

no insurance -0.178 -0.279 -0.183 -0.047 -0.176 
(0.17)  (0.16)  (0.18)  (0.21)  (0.17)  

School Characteristics:
free lunch (%) -0.358 -0.370 -0.306 -0.105 -0.163 

(0.42)  (0.47)  (0.39)  (0.41)  (0.44)  
pupil-teacher ratio 0.366 0.537e

0.386 0.433 0.481 
(0.32)  (0.29)  (0.32)  (0.35)  (0.31)  

staff w/MA or PhD (%) 0.001 0.000 0.000 0.001 0.000 
(0.00)  (0.00)  (0.00)  (0.00)  (0.00)  

Grade Characteristics (%):
hispanic 0.348 0.393 0.376 0.370 0.375 

(0.25)  (0.29)  (0.26)  (0.25)  (0.28)  
black 0.203 0.251 0.224 0.210 0.222 

(0.25)  (0.30)  (0.29)  (0.33)  (0.33)  
Unemployment Rate -7.491c -6.915c -6.879c -5.853c -6.058c

(1.72)  (1.63)  (1.94)  (1.60)  (1.54)  
Test Change -39.79c -16.45d -40.70c -28.04c -17.59d

(8.63)  (7.71)  (7.22)  (7.17)  (6.51)  
Constant 547.358c 482.753c 545.510c 485.359c 433.687c

(56.31)  (40.37)  (44.07)  (44.94)  (60.73)  

School Dummies Y Y Y Y Y
Year Dummies N N N N N
Observations 216 222 220 226 229
Number of Schools 88 88 88 88 88

Table 3A: The Effect of Pollution on Mathematics Test Scores
School Fixed Effects 

Notes: 
a.  The critical values of the Wald test statistic at the .05 and .10 levels are 9.488 and 7.779, respectively.
b. Robust standard errors in parentheses.
c. p<0.01.   d. p<0.05.   e. p<0.10.  
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(1) (2) (3) (4) (5)
Pollution:

PM10 -0.188 -0.232 
(0.16)  (0.14)  

PM2.5 -0.473 -0.725d

(0.44)  (0.33)  
NO2 -0.162 -0.414 

(0.35)  (0.32)  
O3 0.142 0.191 

(0.21)  (0.17)  

Wald Statistic for Joint Significancea
9.09

Personal Characteristics:

Age 13.16c 13.32c 12.83c 13.35c 13.52c

(0.77)  (0.58)  (0.77)  (0.61)  (0.59)  
Parent's Education (%):

high school graduate 0.277d 0.219e 0.239d 0.201d 0.199e

(0.10)  (0.12)  (0.11)  (0.09)  (0.11)  

some college 0.355c 0.290d 0.345d 0.277d 0.231c

(0.11)  (0.13)  (0.12)  (0.12)  (0.12)  
college graduate 0.270 0.228 0.292 0.190 0.200 

(0.23)  (0.23)  (0.22)  (0.22)  (0.20)  
graduate school -0.050 -0.117 -0.038 -0.071 -0.160 

(0.29)  (0.24)  (0.29)  (0.26)  (0.24)  
Parent smokes (%) -0.215 -0.187 -0.221 -0.186 -0.220 

(0.13)  (0.14)  (0.16)  (0.14)  (0.13)  
Insurance (%):

medicaid -0.154d -0.162d -0.148d -0.156d -0.168d

(0.07)  (0.07)  (0.07)  (0.07)  (0.08)  

no insurance -0.252e -0.255e -0.232 -0.205 -0.212 
(0.14)  (0.14)  (0.14)  (0.12)  (0.12)  

School Characteristics:

free lunch (%) -0.745c -0.796c -0.711c -0.680c -0.703c

(0.22)  (0.22)  (0.22)  (0.22)  (0.22)  
pupil-teacher ratio 0.392 0.404 0.372 0.373 0.381 

(0.25)  (0.24)  (0.23)  (0.25)  (0.24)  
staff w/MA or PhD (%) -0.001 -0.001 -0.001 -0.001 -0.001 

(0.00)  (0.00)  (0.00)  (0.00)  (0.00)  
Grade Characteristics (%):

hispanic -0.054 -0.051 -0.060 -0.074 -0.073 
(0.10)  (0.10)  (0.09)  (0.10)  (0.11)  

black 0.179 0.157 0.174 0.157 0.146 
(0.23)  (0.23)  (0.23)  (0.21)  (0.20)  

Unemployment Rate -1.771d -1.556d -1.522d -1.287e -1.405d

(0.72)  (0.69)  (0.70)  (0.73)  (0.65)  

Test Change -8.462e -5.754 -10.388c -8.219d -5.631 
(4.49)  (3.77)  (3.40)  (3.55)  (3.55)  

Constant 527.523c 530.574C 533.761c 528.385c 511.351c

(22.33)  (15.92)  (18.89)  (19.16)  (20.76)  

School Dummies Y Y Y Y Y
Year Dummies N N N N N
Observations 216 222 220 226 229
Number of Schools 88 88 88 88 88

Table 3B: The Effect of Pollution on Reading Test Scores
School Fixed Effects 

Notes: 
a. The critical values of the Wald test statistic at the .05 and .10 levels are 9.488 and 7.779, respectively.
b. Robust standard errors in parentheses.
c. p<0.01.  d. p<0.05.   e. p<0.10.  
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(1) (2) (3) (4) (5)
Pollution:

PM10 -0.147 -0.317d

(0.13)  (0.11)  

PM2.5 -1.648d -1.741d

(0.57)  (0.69)  

NO2 -0.430 -0.605e

(0.34)  (0.34)  

O3 0.171 0.215 
(0.17)  (0.18)  

Wald Statistic for Joint Significancea 13.100

Personal Characteristics:

Age -8.905e -2.057 -11.31e -8.297e -3.004 
(4.95)  (5.41)  (6.22)  (4.65)  (5.90)  

Parent's Education (%):
high school graduate 0.168 0.128 0.105 0.089 0.120 

(0.10)  (0.08)  (0.09)  (0.08)  (0.09)  
some college 0.180 0.149 0.121 0.071 0.096 

(0.12)  (0.14)  (0.13)  (0.15)  (0.16)  
college graduate 0.081 -0.016 0.059 -0.015 -0.019 

(0.16)  (0.17)  (0.17)  (0.18)  (0.18)  
graduate school 0.119 0.085 0.132 0.036 0.041 

(0.25)  (0.27)  (0.26)  (0.24)  (0.25)  
Parent smokes (%) -0.140 -0.078 -0.125 -0.085 -0.105 

(0.10)  (0.08)  (0.09)  (0.07)  (0.08)  
Insurance (%):

medicaid -0.070 -0.076 -0.060 -0.070 -0.072 
(0.06)  (0.06)  (0.06)  (0.05)  (0.05)  

no insurance -0.004 -0.023 0.049 0.041 0.048 
(0.12)  (0.12)  (0.11)  (0.11)  (0.12)  

School Characteristics:

free lunch (%) -0.639d -0.636d -0.623d -0.635d -0.560d

(0.26)  (0.22)  (0.25)  (0.22)  (0.20)  
pupil-teacher ratio 0.135 0.120 0.135 0.116 0.118 

(0.19)  (0.19)  (0.19)  (0.20)  (0.21)  
staff w/MA or PhD (%) 0.000 0.000 0.000 0.000 0.000 

(0.00)  (0.00)  (0.00)  (0.00)  (0.00)  
Grade Characteristics (%):

hispanic -0.009 -0.061 -0.042 -0.073 -0.090 
(0.15)  (0.16)  (0.13)  (0.15)  (0.16)  

black -0.026 -0.113 -0.065 -0.133 -0.157 
(0.12)  (0.16)  (0.12)  (0.13)  (0.14)  

Unemployment Rate -0.566 -1.663 -0.618 -1.581 -2.116e

(1.30)  (1.12)  (1.34)  (1.22)  (1.09)  

Constant 828.147c 735.885c 862.827c 824.568c 730.871c

(71.83)  (73.77)  (81.73)  (59.21)  (83.43)  

School Dummies Y Y Y Y Y
Year Dummies Y Y Y Y Y
Observations 216 222 220 226 229
Number of Schools 88 88 88 88 88

Table 4A: The Effect of Pollution on Mathematics Test Scores
School and Year Fixed Effects 

Notes: 
a. The critical values of the Wald test statistic at the .05 and .10 levels are 9.488 and 7.779, respectively.
b. Robust standard errors in parentheses.
c. p<0.01.  d. p<0.05.  e. p<0.10.  
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(1) (2) (3) (4) (5)
Pollution:

PM10 -0.116 -0.125 

(0.13)  (0.14)  

PM2.5 -1.012e -1.107d

(0.54)  (0.51)  

NO2 0.307 0.207 

(0.23)  (0.28)  

O3 0.124 0.149 

(0.17)  (0.13)  

Wald Statistic for Joint Significancea
7.026

Personal Characteristics:

Age -3.979 -1.179 -3.714 -2.739 -0.508 

(6.79)  (4.76)  (6.03)  (6.83)  (4.57)  

Parent's Education (%):

high school graduate 0.194e
0.142 0.168 0.132 0.139 

(0.09)  (0.10)  (0.10)  (0.09)  (0.09)  

some college 0.236 0.170 0.225 0.159 0.136 

(0.16)  (0.17)  (0.16)  (0.16)  (0.17)  

college graduate 0.161 0.111 0.168 0.073 0.089 

(0.29)  (0.30)  (0.28)  (0.28)  (0.27)  

graduate school 0.149 0.073 0.148 0.097 0.043 

(0.27)  (0.25)  (0.27)  (0.26)  (0.24)  

Parent smokes (%) -0.162 -0.141 -0.159 -0.137 -0.160 

(0.12)  (0.11)  (0.13)  (0.11)  (0.10)  

Insurance (%):

medicaid -0.127d -0.140d -0.127d -0.133d -0.145d

(0.06)  (0.06)  (0.05)  (0.05)  (0.06)  

no insurance -0.113 -0.106 -0.091 -0.085 -0.076 

(0.10)  (0.10)  (0.09)  (0.10)  (0.09)  

School Characteristics:

free lunch (%) -0.700c -0.739c -0.690c -0.696c -0.690c

(0.22)  (0.21)  (0.22)  (0.22)  (0.20)  

pupil-teacher ratio 0.471 0.443 0.459 0.441 0.438 

(0.28)  (0.28)  (0.28)  (0.28)  (0.28)  

staff w/MA or PhD (%) -0.001 -0.001 -0.001 -0.002 -0.001 

(0.00)  (0.00)  (0.00)  (0.00)  (0.00)  

Grade Characteristics (%):

hispanic -0.102 -0.127 -0.106 -0.156 -0.152 

(0.17)  (0.17)  (0.16)  (0.16)  (0.17)  

black 0.153 0.095 0.157 0.074 0.080 

(0.21)  (0.23)  (0.22)  (0.22)  (0.22)  

Unemployment Rate -0.051 -0.154 0.195 -0.344 -0.229 

(1.42)  (1.38)  (1.46)  (1.17)  (1.23)  

Constant 739.962c 711.704c 746.793C 727.118C 692.839C

(84.37)  (62.33)  (78.78)  (85.48)  (61.80)  

School Dummies Y Y Y Y Y
Year Dummies Y Y Y Y Y
Observations 216 222 220 226 229
Number of Schools 88 88 88 88 88

Table 4B: The Effect of Pollution on Reading Test Scores
School and Year Fixed Effects 

Notes: 
a.  The critical values of the Wald test statistic at the .05 and .10 levels are 9.488 and 7.779, respectively.
b. Robust standard errors in parentheses.
c. p<0.01.   d. p<0.05.  e. p<0.10.  


